Motivated by the large frequent price fluctuation and excessive volatility observed in cryptocurrency market, this study adopts Bai and Perron's (2003) structural change model by incorporating exogenous variables to examine the number and location of change points in daily price, return and volatility proxied by the squared return of Cryptocurrency Index (CRIX), Cryptocurrency Index 30 (CCI30), and the top ten cryptocurrencies ranked according to market capitalisation. Results show that structural changes occur very frequently for the price series, followed by squared return and return series which were consistently observed in between December 2017 to April 2018. In addition, the results also reveal that the two cryptocurrency indices may not be beneficial as an indicator to reflect the whole cryptocurrency market for the entire studied period as these two indices do not display consistent structural change in contrast to the top ten cryptocurrencies that might have significant implications for modelling the cryptocurrency data.
Introduction
The world had witnessed an explosive growth in cryptocurrency market in year 2017 mainly for Bitcoin which recorded a considerable price appreciation of approximately 1300% (www.coinmarketcap.com). One of the interesting aspects of cryptocurrency market is that the exceptional large price and volatility fluctuations observed in a short span of time. News had been continuously reporting prices of Bitcoin and altcoins which reached all-time high especially in late 2017 when there was an abrupt surge of interest in the market. This can be noted from some sudden spikes in the total of cryptocurrency market capitalisation and trading volume in terms of U.S. dollar as presented in Figure 1 . A large retracement soon occurred that caused the total market capitalisation to reduce by about 50% from the peak recorded in January 2018. Investors are undoubtedly exposed to additional risks in a volatile market, and according to Williams (2014) , the volatility of Bitcoin is relatively large as compared to other traditional financial assets such as precious metal, Standard and Poor 500 and the U.S. dollar.
[Figure 1 near here]
Different models have been employed in foregoing studies to estimate the volatility of cryptocurrencies. Katsiampa (2017) , for instance, fitted the Bitcoin data to six types of generalised autoregressive conditional heteroskedaticity (GARCH) models, in which the autoregressive-component GARCH was found to be the best model to estimate volatility. There were seven cryptocurrencies considered in Chu et al. (2017) : Bitcoin, Dash, Litecoin, Maisafe Coin, Monero, Doge and Ripple which are ranked according to market capitalisation. They had fitted 12 different GARCH models to each cryptocurrency and the results showed that the Glosten-Jagannathan-Runkle (GJR-GARCH) with normal innovation fitted well for Dogecoin, GARCH model with normal innovation for Ripple, and integrated GARCH (IGARCH) model with normal innovation for others. Lahmiri et al. (2018) examined the longrange memory in volatility series of seven Bitcoin markets via fractionally integrated GARCH (FIGARCH). Philip et al. (2018) incorporated the stylised facts displayed by cryptocurrency such as generalised long memory effect, leverage and heavy tails to stochastic volatility model and there were 224 different cryptocurrencies being applied to determine which of these properties exist. Peng et al. (2018) used GARCH, exponential GARCH and GJR-GARCH models with three different innovations: normal, Student t, and skewed Student t distributions to contrast the nine models with Support Vector Regression-GARCH (SVR-GARCH) model. They had come to a conclusion that the estimated mean using the volatility equations from SVR, SVR-GARCH outperforms the other nine GARCH models. One issue arises from these studies is that most of the studies only focus on one single model that can best-fit the entire period of volatility which may not be adequate to capture the abrupt shift observed in cryptocurrency market when the presence of structural break is not taken into consideration. Bauwens et al. (2015) tested the presence of structural breaks in 23 macroeconomic series such as Gross Domestic Product and Consumer Price Index and demonstrated the importance of addressing the presence of structural change in forecasting. They are in the view that, in the presence of structural change, there is no single model can always provide the optimal result in forecasting.
Numerous studies on cryptocurrencies have attempted to segment return series, based on different criteria, into several independent partitions in order to investigate the volatility of data. Urquhart (2016) highlighted that Bitcoin market is inefficient if the sample is in full length of data from 1 August 2010 to 31 July 2016. However, if the data were separated into two subsamples by imposing a split after the dramatic surge in Bitcoin price in late 2013, it was found that the market inefficiency of Bitcoin was largely attributed to the first sub-sample while the second sub-sample showed an improvement in Bitcoin market efficiency. Bouoiyour and Selmi (2016) , however, noticed that despite the remarkable Bitcoin price appreciation over time, its volatility rate remained at a less pronounced rate since January 2015. Hence, they estimated the volatility of Bitcoin over two main periods: before January 2015 and after January 2015 by employing different models to the two sample periods. To verify the break of Bitcoin data around the 2013 price crash, Bouri et al. (2016) tested the structural break in Bitcoin price around the period before modelling the volatility of Bitcoin. They then separated the long data into two segments: before 2013 price crash and after the 2013 market price. Thies and Mólnar (2018) investigated the presence change points in Bitcoin return series using the Bayesian Structural change model. Fourty eight change points on the average return of Bitcoin were detected and the segments were combined that exhibited the same properties into 7 regimes based on their volatility. Bouri et al. (2019) determined structural change of logarithmic Bitcoin price, absolute return and squared return series via Bai and Perron (2003) approach where four and five change points were respectively observed in these series derived from the two different exchange platforms, Bitstamp and Coindesk, in which, a maximum allowable of change in each series is only five. Their findings also encompassed change points of price cash in December 2013. Mensi et al. (2018) , on the other hand, revealed the impact of structural change in Bitcoin GARCH estimation and suggested that ignoring the presence of structural changes may lead to the persistency of overestimation in volatility. Nevertheless, there has been thus far relatively little progress on the determination of the number and location of change points in price, return and volatility proxied by squared return for cryptocurrency indices, and altcoins. This is a research gap should be further filled.
Our aims in this paper are threefold. Firstly, as many previous studies tend to focus only on Bitcoin or on a limited number of popular cryptocurrencies, we provide statistical analysis for the top ten cryptocurrencies ranked according to market capitalisation as at 30 April 2018, namely, Bitcoin (BTC), Ethereum (ETH), Ripple (XRP), Bitcoin Cash (BCH), EOS, Cardano (ADA), Litecoin (LTC), Stellar (XLM), IOTA and Tron (TRX). In addition, this study is also extended to the whole cryptocurrency market by advocating the use of cryptocurrency index as an indicator to typify the entire market, in which, the two cryptocurrency indices considered are Cryptocurrency Index (CRIX) and Cryptocurrency Index 30 (CCI30). Price, return and squared return series are the primary inputs in risk management and portfolio selection since the price will reflect the market information while the return and squared return will represent expected gain and volatility in financial modelling and financial applications. As for the factor that influences the dynamics of cryptocurrency data, daily trading volume is often reported to be the significant factor that influences Bitcoin price level (Kristoufek, 2015 and Urquhart, 2018) . Secondly, we will apply technique introduced by Bai and Perron (2003) to detect the number and location of change points in price, return and squared return of the series for the cryptocurrencies and indices by incorporating the significant autoregressive terms, and exogenous variables such as daily trading volume in the structural change model. Finally, it is paramount importance to examine the performance of the two indices in representing the cryptocurrency market as a whole. To this end, we would compare and evaluate the consistency of the findings by collating the individual cryptocurrency results with the other two indices.
The rest of the paper is organised as followed. Section 2 introduces the data with the descriptive statistics provided, while Section 3 elaborates on the methodologies of how to identify the significant exogenous variables and of detecting multiple structural changes of the series. Empirical results are discussed in Section 4, and lastly, Section 5 will conclude the paper.
Data

CRIX and CCI30
Two cryptocurrency indices, CRIX and CCI30 daily closing prices in U.S. dollar, are retrieved from their official websites: http://crix.hu-berlin.de and https://cci30.com. CRIX data spans from 8 August 2014 to 30 April 2018 consisting of 1362 observations were introduced by Trimborn and Härdle (2016). The number of constituents in the index are chosen in steps of five based on a lengthy time-varying selection method that relies on Akaike Information Criterion. CCI30 data on the other hand starts from 9 January 2015 and ends on 30 April 2018 with a total of 1208 observations which was acquired from Rivin and Scevola (2018) . The index members are chosen to be the first 30 cryptocurrencies ranked according to market capitalisation. The base number for CRIX and CCI30 are 1000 and 100 respectively. Both indices are rebalanced every month and reconstituted for each quarter.
Return series are obtained by taking the difference of two consecutives log prices and squared return series are computed by taking the square of return which is commonly used as an indicator for variance or risk in financial terminology. Figure 2 below illustrates the price, return and squared return series for CRIX and CCI30. The vertical dotted lines are the estimated change points while the red lines represent the fitted equation estimated using Equation (1) in the presence of change points which is discussed in Section 4. The large fluctuation of cryptocurrency market can be observed by the strikingly sharp increase in price since year 2017 which is soon followed by an abrupt drop in year 2018. This corresponds to the spikes noticed in the return and squared return series indicating by high volatility level for the cryptocurrency market. As seen in Figure 2 , the fitted equations (in red colour) are able to capture the prominent spikes observed in the series.
[ Figure 2 near here]
Top Ten Cryptocurrencies
Daily closing prices in U.S. dollar of the top ten cryptocurrencies were retrieved from Yahoo Finance (https://finance.yahoo.com). These cryptocurrencies constitute 79% of the total market capitalisation with BTC dominating 37.04% of the overall market as at 30 April 2018. This is due to that BTC has been introduced since year 2010 whereas most cryptocurrencies data are introduced in year 2017 onward. Table 1 presents the summary statistics of the indices and daily closing prices for these ten cryptocurrencies. From Table 1 , more than 50% of the times the observed closing prices of cryptocurrencies will earn below its expected return. All these indices and cryptocurrencies display positively-skewed and leptokurtic distributions except for ETH, BCH, EOS, ADA, XLM and IOT with platykurtic distributions.
[ Table 1 near here] Figure 3 illustrates the price, return and squared return series for each of these cryptocurrencies. The vertical dotted lines represent the estimated change points while the red line is the fitted equation estimated using Equation (1) in the presence of change points. Price series appear to have the most change points compared to return and squared return series. As indicated in Figure 3 , the fitted equations (in red colour) are able to capture the changes of the series especially during prominent spikes. The details of change point detection are discussed in Section 4.
[ Figure 3 near here]
Methodology
To test the significance of exogenous variables, we commence by fitting the three time series data on the price, return, and squared return under different levels (constants) and daily trading volumes for the respective autoregressive terms of the two cryptocurrency indices and the top 10 cryptocurrencies. For price series, only the level (constant) and trading volume (except for CRIX and CCI30) are considered while for the return and squared return series; level, trading volume and the autoregressive terms are included. Table 2 provides the parameter estimates and the significance of these variables in price, return and squared return series of cryptocurrencies data.
The significant exogenous variables are then incorporated into the multiple structural change model to detect the change points. Liu, Wu and Zidek (1997) who first considered multiple structural change using least-squares method partitioned the data into m segments in order to compute the sum of squared residuals for each segment with the idea that the change point estimators used are regarded as the global minimisers of the sum of squared residuals. Bai and Perron (2003) extended their work by applying dynamic programming algorithm to estimate the global minimisers of the sum of squared residuals. The algorithm uses at most least-squares operations of order ( 2 ) for any number of m change points which appears to be a more efficient way of achieving a minimum global sum of squared residuals with T representing the length of data.
Consider a linear model below with m changes (m+1 segments):
= ′ + ′ + , = −1 + 1, −1 + 2, … , , for = 1,2, … , + 1. In this model, is the observed dependent variable at time t with dimension 1 x 1 ; ′ is a 1 x vector of exogenous variables with number of constant coefficients in vector of dimension x 1, ′ is a 1 x vector of exogenous variables with number of corresponding coefficients that are subject to change in vector of dimension x 1 and is the disturbance at time t with dimension 1 x 1. The indices ( 1 , 2 , … , ) are the estimated change points treated as unknown with 0 = 0 and +1 = . In this study, we concentrate on pure structural change model which allows all the coefficients to be subject to change by letting = so that the shifts of all exogenous variables, if any, are considered. The above multiple linear regression system can then be expressed in its matrix form as below, with ̅ is a diagonal matrix that partition at ( 1 , 2 , … , ):
where the dimension for is x 1, for ̅ is x ( + 1), for is n( + 1) x 1 and for is x 1.
For each m-partition ( 1 , 2 , … , ) denoted by { }, the estimates of are evaluated by minimising the sum of squared residuals. Substituting the values into the objective function and denoting the resulting sum of squared residuals as ( 1 , 2 , … , ), the estimated change points (̂1,̂2, … ,̂) are determined by (̂1,̂2, … ,̂) = 1 ,…,
where the minimisation is taken over all partitions ( 1 , 2 , … , ). Consequently, the change point estimators are the global minimisers of the objective function. The global sum of squared residuals for any m-partition ( 1 , 2 , … , ) and for any value of m, must necessarily be a particular linear combination of these ( + 1)/2 sums of squared residuals. The estimates of the change points, m-partitions (̂1,̂2, … ,̂) , will correspond to this linear combination with a minimal value. The dynamic programming algorithm is regarded as a more efficient approach to contrast all possible combinations (corresponding to different m-partitions) in order to achieve a minimum global sum of squared residuals. The number of changes are controlled by the trimming error, h, where h is the ratio of number of days in a segment over the total number of days (count). In this study, we let h to be the smallest possible value so that we would be able to detect the presence of change points even if the changes occur in a short span of time without limiting the number of changes. For estimation purposes, the number of days in a segment must be greater than the number of regressors in the model. It is worth noting that, Bouri et al. (2019) would only allow a maximum of five changes in the detection of structural change process. The above algorithms are implemented using the R package strucchange with function breakpoints. Table 2 presents the parameter estimates of trading volume and autoregressive terms on price, return and squared return series for different types of the cryptocurrencies. Our findings reveal that the trading volume indeed has a significant impact on price series for all cryptocurrencies except for ADA. With regards to the return series, trading volume is a significant exogenous variable for XRP, BCH, EOS, ADA, LTC, XLM, and for squared return series, the trading volume is a significant exogenous variable for all cryptocurrencies except for BTC, XRP and TRX. It is noticed that trading volume has impact merely on BTC price series but not for the return and squared series. This result can further be substantiated by Balcilar et al. (2017) who had showed that the trading volume can be used to predict Bitcoin return only when the market is fluctuating around the median but not viable when the market is either bearish or bullish. Moreover, they also highlighted that the volatility of Bitcoin is not appropriate for prediction purposes through trading volume.
[ Table 2 near here]
Empirical Analysis
Price series
Price series is greatly affected by the force of supply and demand and other external events. It reacts sensitively to news and information in the market. When demand is greater than supply, the price will ascend and the market is bullish or vice versa. It is noticed that there were few consistent and apparent change points occurred in the individual cryptocurrencies over time. Figure 4 depicts the monthly segmentation of price series, in which a change point is represented by an alternate change in colour of the horizontal bar.
[Figure 4 near here]
Results reveal that change points in price series are detected specifically at the turning of year. Observing the lengthier data such as CRIX, CCI30, BTC and LTC, the changes were detected almost at every ending or beginning of the year commencing from year 2013 when cryptocurrency market begins to gain its popularity. We hence postulate that the cryptocurrency market is subject to "year-end" effect as there are cyclical changes in price at the turnings of years. Our results also provide evidence and justification in terms of the location of change point as indicated in the study conducted by Bouri et al. (2016) which happened in BTC price crash of December 2013. It is also confirmed that the cryptocurrency market indeed underwent unexpected high price fluctuations in 2017 supported by the presence of change points in approximately each month of 2017 for all data. To be more concrete, Appendix A.1 presents the detailed number of the detected change points in the respective months throughout the whole sampled period for the price series. Appendix A.1 will be provided upon request.
Return series
Return is an important variable in finance as it measures the profit of an investment. High return will usually be accompanied by high risk, hence, in the event of high volatility, high return is also anticipated. Figure 5 illustrates the monthly segmentation of return series where a change point is represented by an alternate change in colour of the horizontal bar.
[ Figure 5 near here] From Figure 5 , there was no change point in BTC return series after the second quarter of year 2014. We also notice that the ETH return series was detected with only one change point located in September 2015 and none thereafter. On the other hand, no change point was detected for TRX in the return series.
Among all the change points identified, CRIX and CCI30 consistently indicated the change points in January 2015 and September 2017. These estimated change points may be attributed to some unforeseen events affecting some groups of cryptocurrencies which were not observable. Moreover, this may also due to several members of the indices that were reconstituted at every quarter and the ten individual cryptocurrencies might not be the components of the indices at those particular periods of time. Besides, CRIX return series was also detected with one change point in December 2017 while the change point of CCI30 return series appeared in late January 2018 during the abrupt market price depreciation. Both change points were to be expected since the cryptocurrency market was in the process of the change of its trend towards the beginning of years 2017 and 2018 as most of the altcoins also displayed the analogous patterns in this period. Appendix A.2 provides the number of detected change points in the corresponding months throughout the whole sampled periods for the return series.
Squared return series
Squared return is commonly used to assess the uncertainty of the financial market. In this study, we also approximate the volatility by using squared return estimates and Figure 6 illustrates the monthly segmentation of squared return series in which a change point is represented by an alternate change in colour of the horizontal bar.
[ Figure 6 near here]
As can be seen in the Figure 6 , there are more change points detected in squared return series as compared to return series especially for ETH where there is only one change point detected in return series, and yet, there were 23 change points in total for squared return series throughout the period (see Appendix A.3). BTC appears to experience more change points in squared return series in 2011 and tends to become lesser from year 2012 to year 2017 with that of no change point detected in year 2016. Our finding is in line with the selection of change point at beginning of year 2015 by Bouoiyour and Selmi (2016) that further confirms volatility change of BTC at that period. Meanwhile five change points were detected for ETH squared return series whereas most altcoins showed the presence of change points in July 2017, the last quarter of year 2017 and in January 2018. There were also change points detected in squared return series for both indices which showed consistent signs of change in January 2015, July 2017, and in the turning point of years 2017/2018. Appendix A.3 exhibits the number of detected change points in the respective months throughout the whole sampled period for the squared return series.
Discussion
As indicated in results, there were large numbers of change points detected in price, return and squared return series over the period and it is observed that the detected change points are not totally consistent among the three series with greater number of change points detected in price series, followed by squared return series and the least in return series. Table 3 summarises the total number of change points detected according to the types of series and cryptocurrencies.
[Table 3 near here]
It is also noticed that the number of change points detected in CRIX and CCI30 are not totally consistent with the number of change points identified in the top ten individual cryptocurrencies. Although CRIX and CCI30 comprise a moderate number of selected cryptocurrencies, the constituents are re-evaluated and re-selected each quarter, and hence, the entry of the indices are not the same throughout the period. ElBahrawy et al. (2017) measured the average rank occupation time of cryptocurrencies based on its market capitalisation, and they seemed to warrant two conclusions that the turnover rate of cryptocurrencies are high and the cryptocurrencies keep changing their position in ranks according to market capitalisation. Consequently, the difference of change points detected between the two indices and the individual cryptocurrencies in this study may be due to the high mobility of cryptocurrencies, in which, the 10 individual cryptocurrencies might not be the constituents of CRIX and CCI30 at every point of time throughout the sampled period. Because of its fast-changing position nature, we are in the view that cryptocurrency index may act as a benchmark for the market at a certain point of time only and may not be optimal to be used as an indicator to represent the entire market for a full length of the sampled period.
The primary issues of the abrupt change in cryptocurrency market in the turnings of year 2017/2018 discussed earlier might be due to the large correction of sharp price appreciation, stricter regulations and government involvement, rumours and negative news, and other technological difficulties. These are the influential factors that may contribute to the instability of the market that require the investors and financial practitioners to be more cautious in cryptocurrency market.
Conclusion
Our empirical findings signify the existence of change points in price, return and squared return series of cryptocurrency data and most of them are not consistent among the three series with most change points detected in the price series and the least change points detected in the return series. Moreover, the locations for data segmentation carried out in some previous related literatures seem to be in line with our estimated change points. Hence the results may indicate to financial practitioners or researchers to realize about the possible instability of parameters that may exist in all aspects of cryptocurrency analysis and modelling process due to the frequent existence of change points affected by underlying internal or external factors.
With the growing interests in cryptocurrency market, one aspect of our concern is whether total trading volume is a crucial factor that will influence the price, return and squared return series. In this case, we are in the view that the volume does have significant impact on the three series, however, different cryptocurrencies show different levels of significance. As to our study, only BTC price series tends to be significant but not for the return and squared return series.
Additionally, we can see that even though the two cryptocurrency indices, CRIX and CCI30, both consist of a moderate number of cryptocurrencies based on its respective selection methods, the indices do not well-capture the properties of the whole market for the entire sampled period. The locations of change point detected are not consistently close to the change points detected in the top ten cryptocurrencies which may merely imply that the indices are not optimal to represent the cryptocurrency market for those periods partly due to its fast-changing nature.
On the basis of the results, integrating the change point method into financial modelling appears to be beneficial in prediction process, specifically when one who wants to model the return or volatility in cryptocurrencies. These findings lend support to the wide applications in financial modelling to accommodate in response to the respective change points Despite the encouraging results of this study as to positive effect of points detected, perhaps an important area for future research in the years to come will be in the refinement of approaches to the analysis of threshold model, structural change model or regime switching model. -----no data available * 5% significance level. 
